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Abstract 
The discipline between the assembly process and the final performance of complex mechanical system is unclear and the 
performance target is usually reached by experienced technicians. To find out the discipline and obtain the knowledge which may 
be hiding in the experience of technician, data mining technology is put forward to analyze the assembly data. By establishing 
the structure and procedure of the data mining process and encapsulating the data mining template of the assembly data, the 
knowledge of the discipline and assembly experience can be extracted through a case study. These knowledge can be used for 
assembly quality prediction, parameter optimization, process improvement and success rate increase. 
© 2016 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Assembly process is one of the most important links in the 
whole manufacturing processes of mechanical product. In the 
assembly process of mechanical product, the various parts and 
components are combined and connected to a high level 
mechanical assembly in accordance with design requirements 
according to the principle of dimension coordination. Because 
the performance of complex mechanical assembly involves 
many factors and fields which require rich experienced 
assembly process designers and technicians, the product is in 
poor consistency and the assembly efficiency is low. There 
exist many other problems on how to improve the 
performance of complex mechanical products. Ingrid A and 
Daniel P [1] researched on the nonlinear dynamics of bolted 
assemblies. Jiang S and Zheng S [2] analyzed and improve 
spindle-drawbar-bearing assembly dynamics. Guo Y and 
Parker R G [3] focused on a spur planetary gear involving 
tooth wedging and bearing clearance nonlinearity. Although 
many review papers have discussed the influence between 
assembly process and the product performance, they cannot 
propose detailed perspectives of how to improve assembly 
processes and parameters.  
After analyzing the actual assembly process currently and 
considering the large amounts of data accumulated in the 
enterprise database, data mining technology is proposed to 
apply to the assembly data`. 
Groger [4] presents indication-based and pattern-based 
manufacturing process optimization as novel data mining 
approaches provided by the Advanced Manufacturing 
Analytics Platform. Koksal G and Batmaz I [5] review the 
data mining applications for quality improvement in 
manufacturing industry. Perzyk M and Biernacki R [6] 
analyse the process parameters of the data mining tools in 
manufacturing. Although a few review papers have been 
published to discuss data mining applications in 
manufacturing, these only cover a small portion of the 
applications for assembly problems. 
On the other hand, the universal data mining tools are not 
special in assembly and the data mining process control, result 
analysis and visualization is not suitable for assembly 
technicians directly. Because of these situations, assembly 
data mining platform can be programmed to search the 
parameters which are hiding in the data and responsible for the 
performance. 
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Fig. 1. Assembly data mining process. 
2. Assembly data mining structure 
In order to form the assembly knowledge library, guide the 
process design, identify the key procedure, find out the 
interrelated parameters and predict the performance with the 
existing data , assembly data mining is not only simple query 
to the database but also need micro or macro data statistics, 
analysis, synthesis and reasoning. According to the basic steps 
of data mining [7], the structure of assembly data mining is 
shown in Fig. 1. 
2.1. Mining task design 
The deviation and mutual dependencies of some parameters 
and is obvious in the part fabrication and product assembly 
processes, but sometimes it is difficult to give accurate values 
through theoretical calculations. After communication with 
the assembly specialists, the data mining technicians have an 
excellent grasp of the problems and a clear mind of the 
objectives with the existing assembly rules. And mining task 
can be designed with appropriate assumptions. 
2.2. Data preparation 
Data Preparation accounted for 80% of the whole data 
mining process. And it is the key to the success of data mining. 
Data preparation contains a number of methods including data 
selection, data cleaning, data integration, data extraction, data 
complement, data sampling, etc. Whether to use the method 
depends on the characteristic of the data [7]. 
2.3. Data mining 
The core step in this stage is to choose appropriate 
algorithm by comprehensive analysis of the mining task and 
data style. For instance, if the task is regression and the final 
model is linear, the algorithm such as ordinary least squares, 
ridge regression and last angle regression is preferable. And 
the nonlinear methods like K-nearest-neighbor are apt for 
classification [8,9]. 
2.4. Model assessment and knowledge expression 
Generally it is not easy to understand and apply the patterns 
obtained from the above step directly. Technology on 
visualization and knowledge representation can be used to 
interpret them. The specialists in the field of assembly, the 
assembly process designers and assembly technicians assess 
and judge the patterns. The knowledge which is correct and 
useful will be stored in the knowledge database to support the 
further designing and assembling. 
Assembly domain knowledge runs through the entire 
process. Any step without considering the domain knowledge 
may make the final result not fit the actual assembly rule and 
lead to the failure. 
3. Data mining templates encapsulation 
The object of assembly data mining is mainly including 
assembly process variables, the dimensions and tolerances of 
the parts. The specialists in the field of assembly have to 
customize data mining templates because of the diversity of 
assembly process variables and the associated complexity  
The templates are encapsulated in the database beforehand. 
The other assembly technicians can select the corresponding 
templates as sample models based on their mining target 
without screening the parameters. The construction and 
application of the templates is shown in Fig. 2. 
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Fig. 2. Construction and application of the templates. 
The first step to customize data mining templates is to 
collect actual assembly problems. The assembly specialists 
designing data mining task for these problems. With their 
priori knowledge, they determine the key processes and parts. 
And the key parameters are selected from the assembly 
process variables, the dimensions and tolerances of the parts. 
The templates can inherit data source from the database and 
give the parameters their names, codes, units and other 
attributes. Then the specialists define the transformation rules 
with the algorithms offered by data mining specialists. The 
users only need to select the templates and the assembly cases. 
At the same time, the program will load the setting and 
generate analysis data set. With the help of data mining 
templates, data mining will be more popular and cost less time. 
4. System Integration 
4.1. Data Integration 
All data of the parts and the assembly process is necessary 
for data mining. But they are dispersive in different databases 
in the enterprise generally. We propose to set up a standard 
database to unite the data. Some data is stored in the 
documents rather than database. Such files will be converted 
to XML format and upload to the database by specialized data 
communication interface. 
4.2. Algorithm encapsulation 
Python is a scripting language with a wide range of 
powerful algorithms library. Mlpy (machine learning Python) 
contains many data mining algorithms. Taking into account 
that Python is easy to learn and gets its supporting resources, it 
is used as the data mining engine and Mlpy is used as 
algorithms library. 
In general, each algorithm has its own preprocessing 
method and requirements for data standardization such as 
centering and scaling. Likewise, analysis and visualization of 
the results is different. These processes are encapsulated into 
the data mining algorithms and integrated to the system 
together. 
5. Case study 
Here is a problem about a servo mechanism. The resonant 
frequency is one of the assembly performance indicators. In 
the view of vibration, bearing and gear are the weak point and 
affect the stiffness of the whole structure seriously. The model 
of the servo mechanism is shown in Fig.3. The inner frame 
system includes inner frame, outer rings of two bearings and 
anti-backlash gear. It is braced by the bearings with the semi 
axles which are adjusted by the thickness of the shim. The 
driving moment torque is generated by electric machine and 
transfers to the inner frame system from anti-backlash gear. 
In actual assembly process, the resonant frequency, the 
resonant peak and the amount of shim adjustment depends on 
the experience of the technician entirely. It increases labor 
cost and reduces efficiency. Furthermore, the dependability 
and consistency cannot be promised [10,11]. 
Table 1. Annotation of the design factors. 
Design factors Annotation 
T1 Driving moment torque 
delta_a Axial preload bearing clearance 
Dmm Bearing diameter 
N Anti-backlash gear staggered tooth number 
k0 Anti-backlash torsion spring rigidity 
E Elastic modulus 
bear_angle Bearing initial contact angle 
gear_angle Gear pressure angle 
The_first_frequency First order frequency 
 
Fig. 3. Model of the servo mechanism 
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Fig. 4. Results of the experiments. 
To find out the key factors of the assembly process and 
improve the efficiency, mechanism simulations and 
computational experiments are feasible. From the previous 
assembly experience, the assembly technicians have the prior 
knowledge about the possible key factors which can change 
the first order frequency by adjusting their values. The 
problem is that which are primary factors and what is the 
relationship between the factors and the first order frequency. 
The shim adjustments are calculated by dimensional chain 
consisted with bearing clearance, bearing width and other 
parameters. The possible key factors are list in Table 1. And 
the results obtained from the experiments are shown in Fig. 4. 
5.1. Linear Regression 
To establish the approximate mapping relationship between 
the design factors and target response, linear model is used to 
fit the function. First order frequency is the dependent variable. 
 
Fig. 5. Coefficients for principal components. 
 
Fig. 6. Evaluation indicator. 
The function obtained from the data mining system can be 
expressed as: 
1 27.693 168.45 _ - 0.00017652 1-
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       (1) 
5.2. Principal Component Analysis 
Eq. (1) includes all factors, but we cannot tell out which 
factors have a huger impact on the frequency. Principal 
component analysis is an effective way to reduce the 
dimensionality. The coefficients for principal components are 
shown in Fig. 5. The smaller the coefficient is, the huger the 
impact is. T1, N, E and gear_angle are less important while 
delta_a, k0, bear_abgle and Dmm are the opposite. These 
factors should be corresponded to the assembly process and 
treated as sensitive and weaknesses aspects. 
Based on the result of principal component analysis, 
reestablish the linear model after the remove of the minor 
factors. The function can then be approximated as: 
1 27.717 168.32 _ 13.797 0
0.1054 _ 0.0668
f Delta a k
bear angle Dmm
  
                    (2) 
5.3. Result analysis 
To evaluate accuracy of Eq. (2), the data mining system 
gives out the evaluation indicator shown in Fig. 6. The 
meanings of the parameters are introduced as follows: 
R2 is the ratio of the quadratic sum of the regression model 
to the original data which reflects the explanatory ability of 
the regression model. However, R2 is influenced by its 
independent variable. R2adj is an optimization value of R2. 
The values of R2 and R2adj are both 0.993 and mean the good 
reliability of the goodness of fit. 
P shows the significance level of the factors. If its value is 
greater than 0.3, it means all factors in the regression model is 
independent of the response. Here P is 0 and indicates that all 
factors are correlated. 
 
Fig. 7. Linear model residuals. 
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R/V (range-to-variance) shows the deviation between the 
function and the original data. If it is greater than 10, the 
function can fit the data well. And the function is not credible 
if it is small than 4. Accordingly, That R/V equals to 467 also 
indicates the high degree of confidence of the function. 
Fig. 7. is the residuals between the original data and the 
prediction of the fitting algorithm. From 46 Hz to 94 Hz, the 
residuals increase at first and then decrease after 70 Hz. The 
figure presents normal distribution. The maximum absolute 
error is limited to 3.4 Hz. In the range from 54 Hz to 86 Hz, 
the residuals are no more than 2 HZ. 
As the above analysis, the regression model is reasonable 
and can be described as assembly knowledge. When designing 
the assembly process, Eq. (2) can be used as a backup 
reference to make the assembly parameters more responsible 
for vibration performance. 
6. Conclusion 
This paper has proposed to use data mining technology on 
complex mechanical systems, establish the assembly data 
mining platform and extract process knowledge from the data. 
A case study was also provided for demonstration. Based on 
the knowledge obtained from the analysis, the assembly 
designers can discriminate the possible key factors of the 
vibration performance and improve the process accordingly. It 
is beneficial to increase the assembly success rate. 
Furthermore, they can predict assembly quality and optimize 
the parameter during the design stage which is mostly based 
on experience currently. 
However, there are many possible factors affecting the 
performance and they are coupled to each other usually. The 
factors such as machine tools, tooling and workshop 
environment cannot be computed and compared. Moreover, 
the data in the database cannot include the entire process data 
which may be important. All these can lead to failure of data 
mining. On the other hand, the data in the database may have 
the problems like data omissions and mistakes. And the data 
mining algorithm is various. It can be seen that a mature 
assembly data mining platform needs a long period of time. 
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